The Distribution Network Operators (DNOs) are responsible for securing a diverse and viable energy supply for their customers so the technical and economical impacts of distributed generation (DG) units are of great concerns. Traditionally, the DNOs try to maximize the technical performance of the distribution network but it is evident that the first step in optimizing a quantity is being able to calculate it. The DG investment/operation which is performed by Distributed Generation Operators/Owners (DGOs) (under unbundling rules) has made this task more complicated. This is mainly because the DNO is faced with the uncertainties related to the decisions of DG investors/operators where some of them can be probabilistically modeled while the others are possibilistically treated. This paper proposes a hybrid possibilistic-probabilistic DG impact assessment tool which takes into account the uncertainties associated with investment and operation of renewable and conventional DG units on distribution networks. This tool would be useful for DNOs to deal with the uncertainties which some of them can be modeled probabilistically and some of them are described possibilistically. The proposed method has been tested on a test system and also a large scale real distribution network to demonstrate its strength and flexibility.
D ISTRIBUTED generation (DG) is an electric power source directly connected to the distribution network [1] . Several technical, economical and environmental reasons motivate increasing the share of DG units in electricity generation such as: deregulation of power system, progress in DG technologies, reliability improvement [2] and the environmental issues [3] . The DG units may improve the technical performance of the distribution networks if they are installed in an appropriate size and place [1] . Active loss reduction and voltage profile improvement have always been of the important goals of DNOs. Obviously, the first step is calculating these quantities and the next one would be optimizing them with different remedial or preventive actions like network reconfiguration, reactive power support through capacitor placement or smart operation of renewable resources [5] . However the uncertainties associated with investment and operation of DG units make the calculation of these quantities more complicated [6] . It is mainly due to the different nature of the uncertainties associated with each of the aforementioned data. Some of these data are described using a Probability Density Function (PDF) since the historical data of them is available (e.g., wind speed or solar radiation in the region under study). On the other hand, there is no statistical data available about some of them. In this case, the data are described possibilistically using a fuzzy membership (e.g., operating schedule of gas turbines). A powerful tool is needed for DNOs in order to model the uncertainties associated with the intermittent power generations of wind turbines, investment/operating decisions of DGOs and also the electric load. The motivation of this study is to provide such a tool. In recent years, many approaches have been proposed for active loss minimization and voltage profile improvement using DG units. The literature suggests a wide range of models and methods. Many methods try to minimize the active loss by finding the appropriate location and size of DG units. In these models, it is assumed that the DNO is allowed to perform DG investment in distribution network under its territory [7] . In [8] , [9] , a powerful probabilistic method is proposed to handle the uncertainties of electric load and intermittent generation of renewable energy resources. In [8] , the optimal location of a predetermined number of wind turbines is determined in order to minimize the active losses. In [9] , a methodology is proposed for optimally allocating (regarding loss minimization) different types of renewable DG units including wind power, photovoltaic, solar thermal systems, biomass, and various forms of hydraulic power. In [10] , a possibilistic method was proposed to handle the uncertainties of electrical loads and energy prices considering different objective functions like cost, technical and economical risks. The unbundling rules in liberalized markets prevents the DNOs of direct DG investment and determination of the location and size of DG units [5] . In [11] , a method was proposed to consider the possibilistic and probabilistic uncertainties simultaneously. This method completely considers the unbundling rules. However, due to use of the Monte Carlo Simulation for modeling the probabilistic section, the computational burden was so high. In this paper, a powerful tool for quantifying the impact of DG units on active loss and voltage profile is proposed which considers the unbundling rules. The investment/operating decisions of DGOs are modeled possibilistically while the wind power generation and electric loads are probabilistically treated. This paper is set out as follows: section II describes the uncertainty modeling proposed in this paper, section III presents problem formulation, Simulation results are presented in section IV and finally, section V summarizes the findings of this work.
II. UNCERTAINTY MODELING

A. Possibilistic uncertainty modeling
The concept of possibilistic uncertainty modeling was first introduced by Zadeh [12] . In this method, the uncertain parameter is described using linguistic categories which have fuzzy boundaries [13] . The term "possibilistic" comes from the fact that the occurrence of each uncertain parameter is possible, (for each degree of belief, α, or membership function value) in a given set of bounds. Suppose that the a multivariate objective function, y = f (X) is given where X is an uncertain variable described using a membership function. In possibilistic evaluation frameworks, for each uncertain value,Ã, a membership function, µ A (x), is defined as the membership degree of each element, x, of universe of discourse, U , toÃ. Different types of membership functions can be used for describing the uncertain values. Here, fuzzy trapezoidal numbers (FTN) with a notatioñ A = (a min , a L , a U , a max ) are used as shown in Fig.1 .
1) α-cut Method:
In engineering problems, the evaluation of a certain quantity is usually in form of a multivariate function like, y = f (x 1 , . . . , x n ), ifx i is uncertain then y would become uncertain,ỹ = f (x 1 , . . . ,x n ). It is of interest that if the membership functions of uncertain input variables x i are in hand, what would be the membership function ofỹ. The α-cut method [14] can be used to calculate it as follows: For a given fuzzy setÃ, defined on universe of discourse, U , the crisp set A α is defined as all elements of U which have membership degree toÃ, not less than α, as described in (1) .
If the α-cut of each input variable, x α i , is calculated using (1), then the α-cut of y, y α is calculated as follows:
In each α-cut, one maximization is done for obtaining the upper bound of y α , i.e. y α , and one minimization will be done for obtaining the lower bound of y α , i.e. y α .
2) Defuzzification: The defuzzification is a mathematical process for translating a fuzzy number into a crisp one [14] . In this paper, the centroid method [15] is used. The defuzzified value of a given fuzzy number,Ã, is calculated as follows:
B. Probabilistic uncertainty modeling
Suppose that a multivariate objective function, y = f (Z) is given where Z is an uncertain vector described by a PDF. There are several methods available to deal with this type of uncertainties like Monte Carlo simulation technique [16] , hybrid Cumulant and Gram-Charlier expansion theory [17] , Point Estimate Method (PEM) [18] and Latin Hypercube Sampling (LHS) combined with Cholesky decomposition method (LHS-CD) [19] . In this paper, a scenario based approach is used to model the probabilistic uncertainties. In this method, various 
where π s is the probability of state s, Ω s is the set of all considered states for describing the uncertain parameter Z.
C. Mixed Probabilistic-possibilistic uncertainty modeling
In realistic problems, the DNO has a multivariate objective function, y = f (X, Z), where the possibilistic uncertain parameters are represented by vector X and probabilistic uncertain values are given by vector Z. To deal with such cases, these variables are decomposed into two groups and are dealt with separately as explained in the following steps: 
Step.3 : Calculate the crisp value of y using (3)
III. PROBLEM FORMULATION
The calculation of technical indices at presence of different uncertainties is formulated in this section. The assumptions and technical constraints are described as follows:
A. Assumptions
The following assumptions are employed in problem formulation:
• Connection of a DG unit to a bus is modeled as a negative PQ load with a constant power factor [20] . • The DNOs are not authorized to invest in DG units and the decisions of DGOs regarding the operation/investment of these units can only be forecasted.
B. Uncertainty modeling
The uncertainties of electrical loads, power generation of renewable and conventional DG units and investment decisions of DGOs are modeled in this section, as follows:
1) Electric load: Various methods have been proposed in the literature for modeling the uncertainties of load forecasts. These models are even probabilistic (like [21] which assumes that a PDF is available for load values or [9] which describes the load values in discrete values with priory known probabilities) or possibilistic (like [1] , [22] [23] [24] ). Here, it assumed that no statistical data of load values is available. The electric load is modeled using a FTN (see Fig.1 ) as proposed in [24] . Assuming a predicted value of load, S D i,f , and a demand growth rate of ǫ D , the demand in bus i, in year t can be calculated as:
is the uncertainty factor of demand (and varied between zero and one),S D i,t is the apparent demand in bus i and year t.
2) Wind speed and wind turbine power generation: The generation schedule of a wind turbine mainly depends on the wind speed in the site. The variation of wind turbine power generation is an uncertain parameter which is consistent with historical data records of wind speed and probabilistically modeled [8] , [25] . In this paper, the variation of wind speed, v, is modeled using a Rayleigh PDF [8] . The power-curve of a wind turbine relates the wind speed and the output of a wind turbine.
The generated power of the wind turbine is determined using its characteristics as follows:
Where, P w i,r is the rated power of wind turbine installed in bus i. The speed-power curve of a typical wind turbine is depicted in Fig. 2 . Using the technique described in [8] , the PDF of wind speed is divided into several states. In each state, the probability of falling into this state is calculated as follows:
Wind speed (v) in (m/s) Generated power of wind turbine (P
where v 1,s , v 2,s are the starting and ending points of the wind speed's interval defined in state s, respectively. The generated power of wind turbine in state t is calculated using the obtained v s and (8).
3) Operating/Investment decisions of DGOs:
In liberalized electricity markets, the DGO decides about the DG investment/operation according to its own benefits (not the requirements of the DNO). If these decisions do not violate the technical constraints of the network, the DNO can not change them. The DNO needs a model to handle the uncertainty associated with the decisions of DGOs. The problem is that the behaviors of DGOs regarding the operation/investment of DG units can not be modeled using conventional probabilistic tools. This is mainly because there is no PDF of statistical data available about the decisions of DGOs. If the DG technology is wind turbine then the generated power of each wind turbine depends mainly on the weather condition (or control aspects that may influence the wind generation) and if it is a conventional DG technology like gas turbine then the DGO decides about its operating schedule. In this paper, it is assumed that the operation of wind turbines are only affected by weather condition (wind speed) and a fuzzy method is proposed for describing the DG investment (for both renewable and nonrenewable DGs) and operation schedule (just for conventional controllable non-renewable DGs) of DGOs as follows:
Fuzzy installed capacity : In this paper, the installed capacity of non-renewable DG units/wind turbines are modeled as a FTN, namelyζ dg/w i , as follows:
where Cap dg,f i,t , Cap w,f i,t denote the predicted value of nonrenewable/wind DG capacity to be installed in bus i and year t.
Fuzzy DG generation: In this paper, the apparent power of non-renewable DG units are modeled as a FTN, namelyS dg i,t,s , as follows:
Although the capacity of installed DG in a given bus,ξ dg i , is uncertain but the DG generation,S dg i,t,h , can not exceed the installed capacity of DG unit in each α-cut. The active power of wind turbines depends on both wind speed and also the investment decision of DGOs as described below:
1) Power flow constraints:
The power flow equations that should be satisfied for each state are: 2) Voltage profile: The voltage magnitude of each bus should be kept between the safe operation limits.
where V min and V max are the minimum and maximum safe operating limits of voltage, respectively.
3) Thermal limit of feeders and substation:
To maintain the security of the feeders and substations, the flow of current/energy passing through them should be kept below their thermal limit, I ℓ max /S grid max , as follows:
whereĨ ℓ,t,s is the fuzzy current magnitude of feeder ℓ in state s and year t;S grid t,s is the fuzzy apparent power passing through substation's transformer in state s and year t.
D. Evaluation Indices
1) Active loss: The reduction of active losses in electric power distribution networks can be regarded as a source of energy [26] and it can also be translated into the avoided costs. When the DNO is aware of the impact of DG units in loss reduction, this deviation can be allocated to them as an economic signal [27] . The total active loss in the network is the sum of all active injection power into the network (the loads are regarded as negative injections). Since some of these values are described as a fuzzy number (like load values and injection of non-renewable DG technologies) and some of them are stochastically modeled (like wind turbine power generation) then the active loss would become a mixed uncertain parameter. It is calculated as follows:
The (16) is explained as follows: The s∈Ωs π s × calculates the expected value of fuzzy numberP net i,t,s and then this value will be added over all buses to obtain the fuzzy active loss in year t. TheLoss will be obtained by summing up this value over the evaluation horizon T . The crisp value of Loss is obtained using the "*" operator as described in (3).
2) Technical risk : The possibility of occurrence of under/over-voltage in load nodes is assumed as technical risk. The technical voltage risk in node i and year t, is calculated as follows [10] :
where A 1→3 are depicted in Fig.3 . The average value of 
where T is the evaluation horizon and N b is the number of buses in the network. w 1 and w 2 are the weighting factors specified by DNO. The importance of severity of technical risk is specified by w 1 which is multiplied into the first term because it finds the maximum technical risk in the network over the evaluation horizon T . On the other hand, the average technical risk is found by the second term,
The w 2 specifies the importance of average technical risk over the network during the evaluation horizon.
IV. SIMULATION RESULTS
The proposed algorithm was implemented in General Algebraic Modeling System (GAMS) [28] environment. The successful application of this software have been reported in the literature of power system optimization problems [29] . Two DG technology options, namely, Wind Turbine (WT) and Gas Turbine (GT) are considered here. The mean wind speed in the region is assumed to be 6.07m/s. The other characteristics of wind turbine are given in Table I [8] . The weighting factors w 1 , w 2 are assumed to be 0.3 and 0.7, respectively. These values can be changed based on the requirements of the DNO. For example, if the DNO is willing to focus on the severity of the technical risks, the value of w 1 should be increased in respect to the values of w 2 , and vice versa. It is described using the Fig.4 . The demand growth rate, ǫ D , is 2% for both cases. The time resolution for DG investment is assumed to be one year. Using the technique described in section III-B2, 12 states are determined for each wind turbine which are given in Table II . The proposed methodology is applied to two distribution systems to demonstrate its abilities. The first case is a 9-node distribution test system and the second one is a large scale real 201-node distribution network. The evaluation horizon, T , is assumed to be 10 years. The uncertainty factor of demand, D u is assumed to be 5% in both cases [23] . V max and V min are considered to be 1.05 and 0.95 Pu, respectively [10] .
A. Case I: 9-node test distribution network
This case is a 11-kV, 9-bus distribution network which is shown in Fig.5 . This network is fed through one substation and In this scenario, no wind turbine is considered in the assessment. With this assumption, there is no stochastic variable in the model. It is assumed that just one GT with the size of 5 MVA is installed in the network. This DG is installed in bus i and year t. The installation bus, i, is changed from 2 to 9. The installation year t is also changed from 1 to T to analyze the impact of this decision on active losses and technical risks. In Fig.6 and Fig.7 the variations of crisp active loss versus the change in installation year is depicted. Each graph corresponds to a specific node in the network. The simulation result shows that the power injection by DG units (with the specified size) reduces both active loss and technical risk. However the magnitude of this reduction highly depends on where and when this DG will be connected to the network. As the installation year gets closer to the beginning of the evaluation horizon, the technical risk and the active losses are more reduced. Another aspect is the location of this unit. It can be concluded from Fig.6 that bus no 3 is the best location for loss reduction because regardless of the installation year, it shows more reduction in active loss compared to other nodes of the network. From technical point of view, bus no 5 has lower technical risk compared to other nodes as shown in Fig.7 . These results are obtained by solving the load flow equations and may vary with the topology of the network and its components. The penetration level of DG units also changes the technical indices. In this study, it is assumed that the size of each DG units is 0.5 MVA. To analyze the impact of DG penetration level, the number of installed DG unit in each bus is varied and the technical risk and active loss are calculated. The variation of technical risk and active loss are depicted in Fig. 8 and Fig.  9 , respectively. It is important to recognize the impact of DG penetration and also the order in which the DG units will be connected to the distribution network, on the technical risks. To do this, the DG units on various sizes and locations are connected to the network. First, it is assumed that one DG unit is connected to bus "X" and then it is connected to the bus "Y" and finally two DG units (with the same sizes) are connected to bus "X" and "Y" simultaneously. In each case, the technical risk index is calculated. For the given 9-node network, 8 × 7 × 15 = 840 simulation analysis are performed to explore all combination of buses and DG sizes (it is assumed all buses of the network are candidate for DG installation except the slack node and the second DG will be installed in a bus other than the first bus).
In most cases, when both of the DG units are connected, the technical risk is lower than the single DG case. In some cases, as depicted in Fig.10 , installing the second DG may increase the technical risk. In Fig.10 there are three graphs labeled with X, Y and XY are depicted. All of these graphs shows the technical risk throughout the network but each of them shows something special.
• The graph X shows the technical risk when just one DG is installed in bus 4, • The graph Y shows the technical risk when just one DG is installed in bus 5, • The graph XY shows the technical risk when both DGs are installed in the network one in bus 4, and the other one in bus 5. The technical risk in case of single DG (just in bus "X" or "Y") has a decreasing pattern when the DG size is less than 14MW. In case of two DG units (both of them are installed, one in bus "X" and the other one in bus "Y"), the technical risk decreases until DG capacity reaches to 9 MW. After the 9MW threshold, the technical risk will increase. Comparing the values of technical risk between these three cases, it can be concluded from Fig. 10 that if the first bus is bus #4, then connecting another DG in bus 5 will decrease the technical risk. It is true until the size of the second DG (in bus #5) is below the 11 MW. On the other hand, if there exists a DG unit in bus "Y", installing a second DG in bus "X" will decrease the technical risk until the capacity of the second DG is below the 10 MW. The increase/decrease of technical risk highly depends on the topology of the network under study, size of DG units and operation strategy of DGOs. The technical risk would happen in under/over voltage in this study. The network is exposed to the under voltage condition when no DG is installed in the network. The power injection by DG units helps the network to improve its voltage condition. With increasing the capacity of DG units from a specific value (here 9 MW) the under voltage problem would change into the over voltage problem as it is depicted in Fig.10 .
2) Scen 2. Renewable DG units (wind turbine) :
In this scenario, just wind turbine is considered in the assessment. The size of wind turbine is assume to be 5 MVA and just one wind turbine is installed in the network. In Fig.11 and Fig.12 the variation of crisp active loss and technical risk versus the installation year is depicted. Each graph corresponds to a specific node in the network. Fig. 11 . The variation of crisp active loss with variation in node and year of wind turbine installation Fig. 11 shows that WT installation in node 3 leads to more active loss reduction compared to all other buses of the network. Fig. 12 states that node 5 is the best location for technical risk reduction in the network since it has the least Trisk compared to all other buses of the network. The In this study, it is assumed that the size of each wind turbine is 0.5 MVA. To analyze the impact of wind turbine penetration level, the number of installed wind turbine in each bus is varied and the technical risk and active loss are given in Fig. 13 and Fig. 14, respectively. The graphs of Fig.13 , show that if the objective is loss reduction then the best location for wind turbines would be bus 3. From the technical point of view (according to Fig.14) , the best location for wind turbines is bus 5.
3) Scen 3. Mixed non-renewable and renewable DG units : In this scenario, both non-renewable and wind turbine units are present in the network. The wind turbines are available in 0.5 MW modules and are assumed to be installed in three locations in the network. The prediction of DNO indicates that the wind turbines are to be installed in bus 5, 8 and 3. The capacity of wind turbines are 4, 0.5 and 1 MW, respectively. The location and year of installation of both gas and wind turbines are given in Table. III. The problem consists of both stochastic and fuzzy variables. The stochastic variables include the generation of The variation of Ωs π s × V R i,t,s is given in Table. IV. Four buses are exposed to technical risks namely 3,5,7, and 9. The calculated technical risk (as indicated in Table. IV) increases as the time goes on. This means that with the increase of load in each bus, the technical risk increases. The trend in technical risk of bus 3 shows a decrease in year t = 4. This is because of DG investment in year t = 4 with the capacity of 1 MW (approximately) in this bus. The worst condition of technical risk belongs to bus 7. In this bus, the technical risk starts from 0.703 and rapidly reaches to 1 in year 3. The next critical risk is related to bus 5 which will be 100% in risk in year 7. The provided data can be used by DNO to find out which point of the network and when needs to be reinforced.
B. Case II: A real 201-node distribution network
The proposed methodology is applied to a large 201-node 10 kV distribution system which is shown in Fig.15 . The technical data of this network can be found in [30] . The DG locations and capacities are described in Table. V. The technical risk of the network is 0.6367 and the crisp value of active loss is 189477 MWh. The variation of average, maximum and minimum value of the technical risk throughout the network is depicted in Fig. 16 . The minimum average risk is in bus 201 with the average risk of 0.3257 and the worst risk occurs in bus 146 with the average risk of 0.9526 over the evaluation horizon.
The yearly variation of V R i,t,s over some selected buses are described in Table VI .
If the number of scenarios (states) are too high that the computational burden becomes a matter of concern, the scenario reduction method can be used. The purpose of scenario reduction is selection of a set, Ω S , with the cardinality of N ΩS , from the original set, Ω J [31] . This procedure should be done in a way that makes a trade off between the loss of data and decreasing the computational burden. The details of this procedure can be found in [32] . In this paper, for avoiding the complexity of the calculations, the impact of unbalanced phases/loads in distribution network load flow equations is neglected. However if an unbalanced multiphase load-flow algorithm is needed with the capability to model all components and network features, the proposed algorithm can be extended using the methods proposed in [33] , [34] . The application of the proposed method can be defined as minimizing the evaluated indices. This can be done using the reinforcement strategies, capacitor installation, distribution network reconfiguration and etc. Knowing the impacts of DGO's decisions on technical performance of the distribution networks can help the regulators as an economic signals to reward/penalize their actions [35] . In several parts of a constrained network there can be substantial benefit from DG operation (such as reducing the technical risks, active losses, needs for network reinforcement) and agreements reached that make operation more aligned with DNO needs. In this case, a win-win strategy may be defined as provision of some incentives for DG developers in some buses of the network by DNO. The benefit sharing, cost causation-based distribution tariff [36] , efficient nodal pricing for efficiency enhancing DG [37] and locational marginal pricing methods can be used to achieve this goal. Another application of the proposed method for DNO would be evaluating the DGO's proposal for new DG connection and analyzing its impact on the technical performance of the network. It may influence the DG connection permission that can be granted by DNO to DGO. 
C. Comparing the proposed method with Fuzzy-Monte Carlo approach
In this section, a comparison between the proposed method and a Fuzzy-Monte Carlo approach [11] has been made. Both of these methods deal with the problems with mixed types of uncertainties (stochastic and fuzzy). The scenario approach used for handling the stochastic uncertainties tries to overcome the computational burden associated with the Monte Carlo approach. The main concerns are the number of optimizations needed for calculating the indicated indices (which directly determines the simulation time) and the accuracy of the proposed method compared to the exact method (Fuzzy -Monte Carlo Simulation (FMCS) [11] ). The results are given in Table VII which gives the values obtained by the proposed method and FMCS, the absolute error, number of optimization needed for each index, in each case and method and finally the simulation times. For example in case II of FMCS, the number of optimizations needed for calculating the technical risk is equal to 2 * 200 * 3000 * 2 = 2400000. This is because two alpha-cuts, 200 buses (all buses except slack bus), 3000 Monte Carlo Simulations are considered which will be multiplied by two (one for obtaining the maximum value and one for the minimum value as explained in (5)). This is while the number of optimizations needed for the proposed method in the same case, is 400. It is evident from the Table VII that the computational burden (run time) is highly decreased while the accuracy is maintained within the acceptable bound (the absolute error is below the 3%). Comparing the CPU time needed for case I and II, shows that the algorithm is applicable in both small and large scale distribution networks with reasonable computation burden.
D. Discussion of the results
Observing the results of the simulations, the following remarks can be made:
• The active losses, technical risks depend on the penetration level, timing of investment, location and technology of DG units. • The risk of voltage limit violation decreases with increasing the penetration level of DG units. If the penetration level passes a specific limit then the technical risk starts to increase. This limit mainly depends on the topology of the network under study and DG technology. • From the obtained diagrams of all of scenarios, the DNO can have some information about the impact of DG units on technical index of the distribution network.
• The proposed index for technical risk not only shows the severity of the risk but also gives the probability of occurrence for this event. The DNO can be also alarmed about the time and location of starting the technical risk during the evaluation horizon. Knowing this information can help the DNO to make the proper remedial or preventive decision in time. • Comparing the proposed approach with fuzzy-Monte Carlo approach shows that it can give an accurate result with much less computational burden. The computational capability of the proposed methodology enables it to be applicable even on large scale distribution networks.
V. CONCLUSION
This paper presents a hybrid possibilistic-probabilistic tool to assess the impact of DG units on technical performance of distribution network. The uncertainty of electric loads, DG operation/investments are taken into account. The formulated problem was formulated under GAMS environment. The proposed method can help the DNOs to evaluate the technical performance of the distribution network when the installation/operation decisions related to DG units are made by non-DNO entities (like private investors). These decisions are highly uncertain and the DNOs should be equipped with powerful tools to handle them and be able to operate their networks in an economic, efficient and coordinated manner in providing high quality service to consumers. Although the evaluated indices are considered to be the total active losses and technical risk of voltage limit violation but the generality of the proposed framework enables the DNO to extend it to consider other evaluation indices and other risks like overloading the feeders/substation. This novel tool is applied to two distribution networks and its flexibility is demonstrated through different scenarios. 
